Due to the constantly growing interest in alternati ve investments, the art market has become the subject of numerous studies. By publishing sales data, many services and aucti on houses provide a foundati on for further research on the latest trends. Determining the defi niti on of the arti sti c value or formalisati on of appraisal may be considered quite complex. Stati sti cal analysis, econometric methods or data mining techniques could pave the way towards bett er understanding of the mechanisms occurring on the art market. The goal of this paper is to identi fy, describe and compare soluti ons (and related challenges) that help to analyse, make decisions and defi ne state of the art in the context of the intersecti on of econometrics on art markets and computer science. This work is also a starti ng point for further research.
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I
Platt ner (1998) has writt en about a market where producers don't make work primarily for sale, where buyers oft en have no idea of the value of what they buy, and where middlemen routi nely claim reimbursement for sales of things they've never seen to buyers they've never dealt with. Although the art market connotes mostly Christi e's and Sotheby's duopoly, a vast amount of primary and secondary market dealers is present in private galleries, aucti on houses or on the Internet. Bidding results are oft en presented by aucti on houses, whereas prices in private galleries usually remain unpublished. Usage of the Internet, on the contrary, is sti ll relati vely small by this conservati ve market. This paper is focused on aucti on houses and regards mainly painti ngs among other collecti bles. Here, sold lots are oft en classifi ed at aucti ons (like old masters or contemporary art).
Treati ng art primarily as an asset may be controversial in, generally, two ways. First of all, considering it as an investment may raise some philosophical questi ons about the purpose of art and moneti sing invaluable features or the relati on between an arti sti c value and a fi nal price. Secondly, studies on the art market have fostered a debate on potenti al returns. While people may be overwhelmed by an amount of money spent during Christi e's or Sotheby's aucti ons, some researches argue that investi ng in art yields generally low returns (Baumol, 1986; Frey & Pommerehne, 1989) . More recent fi ndings say that returns from art were close to the total return measured by S&P500 between 2003 and 2013. Especially postwar or contemporary and traditi onal Chinese artworks were among the best investments, delivering compound annual returns of respecti vely 10.5% and 14.9% (Deloitt e & ArtTacti c, 2015) .
As a consequence of this ongoing debate, there is an increasing number of research initi ati ves focused on the art market. Diff erent approaches and methods to measure trends, performance and value have been studied. Despite an appraisal based on art history knowledge, a wide range of methods stemming from econometrics and stati sti cs were described in the literature. Data processing, analysis and visualisati on have gained special att enti on in the 21st century and these techniques are applied in a wide variety of domains. Even though relati vely unexplored in that manner, the art market is no excepti on to that trend. Among various machine learning methods, there is one especially used in art market research. Regression analysis is a key technique due to its impact on building price indices describing the whole market. Nevertheless, some other methods are also used.
Identi fying trends or measuring the market seems to play the most important role in art market analysis. Art market research on the Internet can follow two approaches. The fi rst considers manually browsing historical sales records, provided by various services. The second, which in fact has its roots in the fi rst approach, relies on various art market indices. In this work we present the current state of art research on methods for descripti on of the art market, taking into account recent developments in econometrics and computer science. Possible further research directi ons are also outlined. This paper is organised as follows. First of all, the art market is briefl y depicted. Then, Internet aucti on databases, which can help to minimise the informati on asymmetry to improve market transparency, are described. The next secti on sheds light on price indices (commercial as well as those sprung from scienti fi c research) and all underlying calculati ons. Then, a direct usage of computer science methods for art market analysis is described. The last part of this paper consists of a concise discussion and summary.
A P D
One of the most straight-forward approaches to invest in art is to pick a potenti ally interesti ng arti st and check their prices on past aucti ons. Intuiti vely, soaring trends may be considered an indicator of a good investment. Although sti cking only to increases may not be the best strategy 1 , these databases are a valuable source of informati on. The introducti on of Artnet in 1995 increased the number of possible art investors by making aucti on sales data available (Coslor & Spaenjers, 2013) . This secti on describes some of the most popular art market databases.
A wide range of prices may seem confusing, therefore it is necessary to disti nguish each one by introducing the following glossary. Asking price is a threshold from which bidding for a given lot starts. Some aucti on houses provide esti mati ons (low and high) to make potenti al 1 The "Damien Hirst Bubble" may be a good example: htt p://www. bloomberg.com/bw/articles/2012-11-21/for-collectors-with-hirst-comes-pain.
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The following list presents the most popular art market databases: 1) ArtPrice Probably the largest database of past aucti ons, ArtPrice (htt p://www.artprice.com/) off ers access to 30,000,000 prices and indices for about 600,000 arti sts. Data is gathered from around 4500 aucti on houses. Hammer prices, esti mates, size and aucti on house informati on are available only via paid subscripti on.
2) Invaluable This service lists 2,000,000 sold lots and biographic informati on about 500,000 arti sts. The data is gathered from approx. the past 15 years (htt p://www. invaluable.co.uk). All functi ons are available through paid subscripti on.
3) Artnet Not only does this site play an important role for those who want to buy or sell art, it also contains 9,000,000 aucti on records (up to 1985), (htt p:// www.artnet.com). Services are off ered through paid subscripti on. 4) AskArt This site provides "millions" of aucti ons results since 1987 and data on over 300,000 arti sts (htt p://www.askart.com) via paid subscripti on. 5) FindArtInfo Another site available through paid subscripti on, FindArt Info provides an access to informati on on 428,958 arti sts, 3,662,572 art prices, 349,393 signatures, 2,192 ,044 photos of artwork and 300 000 signatures (htt p://www.fi ndarti nfo.com).
6) Blouin Art Sales Index This site off ers around 5,000,000 aucti on records ( htt p://artsalesindex.arti nfo. com). It is worth menti oning that the database is free to browse. 7) Aucti on houses pages It is possible to perform a direct search on numerous aucti on houses pages. For example, Christi e's publishes past aucti ons results up to 1998. Prior knowledge of a seller during a lot search is a shortcoming of this approach, however.
Additi onally, one may can consider following ArtTacti c research, a UK-based company that provides fi nancial analysis and profi led reports for art trends for diff erent markets, arti sts and sectors (htt p://artsalesindex.arti nfo. com).
I
The main purposes of calculati ng price indices are measuring fi nancial performance, evaluati ng diversifi cati on of a potenti al portf olio and describing trends on the market. Ginsburgh, Mei, and Moses (2006) outline the most important uses for art market indices, which are describing market trends, measuring volati lity, and searching for economic incenti ves infl uencing market and an appraisal.
Conventi onal price index methodologies are generally not applicable to non-homogeneous goods (Triplett , 2004) . We can disti nguish diff erent methodologies for art market index calculati on (see Table 1 ). The simplest and the most popular classifi cati on divides them into Repeatsales Regression (hereaft er RSR) and Hedonic Regression (hereaft er HR) (Ginsburgh et al., 2006) . One may consider diff erent techniques, such as a naïve or composite price index. Naïve indices are based on average and median lot prices in compared years. In this approach it is assumed that distributi on of a painti ng's quality features is constant, which makes it biased. The composite (basket) price index relies on a selecti on of a representati ve basket of similar lots and periodic re-evaluati on conducted by experts with a domain knowledge (Renneboog & van Houte, 1999) . RSR-based indices consider painti ngs which were sold at least two ti mes to ensure that the same objects are compared. However, this method is criti cised due to the relati vely small availability of data (only 10% of sold lots (artnet Analyti cs, 2014)) and long periods between the fi rst and the second sale. On the contrary, hedonic indices can include all traded objects, but they are prone to a selecti on bias. Notwithstanding, in longer periods and with a richer dataset these indices shall be highly and positi vely correlated (Ginsburgh et al., 2006) .
It is vital to introduce some core econometric concepts behind the art market analysis. "Hedonic" is a word derived from the Greek hedonikos, which literally means pleasurable. In terms of economic analysis, these words may be considered as a uti lity or sati sfacti on related to consuming given goods (Chau & Chin, 2002) . Intuiti vely, the hedonic regression (HR) relies on "stripping" given goods' characteristi cs from their price -which, in fact, becomes a functi on of these characteristi cs. HR may be used as a method for constructi ng constant quality price "e-Finanse" 2016, vol. 12 / nr 1 Dominik Filipiak, Agata Filipowska Towards data-oriented analysis of the art market: survey and outlook indices, where the considered goods are not traded frequently or data for repeated sales analysis is not available.
Coeffi cients obtained in the regression analysis can be verifi ed based on e.g. stati sti cal signifi cance, the coeffi cient of determinati on or degrees of freedom. Stati sti cal signifi cance means that the p-value is less than a certain level (traditi onally 0.05 or 0.01). Generally, the p-value is the probability of obtaining a result which is equal to or more extreme than empirical observati ons, taking into account defi ned hypotheses. R 2 (coeffi cient of determinati on) indicates how well data fi ts a model obtained in regression analysis. It ranges from 0 to 1, where 1 means a perfect fi t. However, very high R 2 is not always desired due to the problem of overfi tti ng (Babyak, 2004) .
Although in this paper special att enti on is paid to art markets, hedonic methods are mostly recognised from their usage in real estate property pricing (Hill, 2013; Hill & Scholz, 2013; Liu, 2014) . The extent to which qualiti es like size, appearance, faciliti es and features or conditi on infl uence the real estate price may be esti mated using hedonic methods. However, there are some other nonstandard use cases where this approach yields sati sfactory results. For example, Moulton (2001) Early work of Schneider and Pommerehne (1983) on contemporary fi ne arts describes some assumpti ons regarding the market. For example, the art market is competi ti ve only to some degree. Moreover, an art gallery owner maximises his (and therefore arti sts') profi ts. The authors also proposed equati ons for supply, demand and existence of an equilibrium on the art market stemming from a hypothesis which says that art price is neither random, nor is it infl uenced by intangible factors (it may be explained by some supply and demand factors in a stati sti cal way). These assumpti ons and equati ons are beyond the scope of this paper, but it is defi nitely worth menti oning that they described a usage of regression for measuring art markets. Their equati on for separati ng a painti ng's (i) characteristi cs from their price P it in year t is presented below:
(1) With an assumpti on that some painti ngs' features are constant in ti me, naive indices are prone to bias.
Composite
Composite indices are based on conti nuous re--evaluati on of some pre-selected lots. Artnet's indices (equati ons 13 and 14) might be considered parti ally composite.
This type of index needs employment of experts with domain knowledge. It also might be diffi cult to calculate them on larger datasets.
Hedonic Regression
Based on a painti ng's features. It is one of the most popular methods to calculate an index. One can disti nguish direct (equati on 5) and indirect (equati on 9) approaches to building such an index.
Taking into account all sold lots is the main advantage of using hedonic regression in the art market analysis.
Repeat-sales Regression
An index which is built on top of lots sold at least two ti mes. Used in the famous Mei & Moses Fine Art Index (equati on 10).
With a suffi cient number of observati ons it can be very accurate, because it compares exactly the same lots. On the other hand, obtaining such data may be very diffi cult. By its defi niti on, it is also inapplicable to works of newer arti sts.
Source: Own research
"e-Finanse" 2016, vol. 12 / nr 1 Dominik Filipiak, Agata Filipowska Towards data-oriented analysis of the art market: survey and outlook which is a standard linear regression, esti mated by Ordinal Least Squares (OLS). A painti ng's characteristi cs are employed in the equati on (1) for X ij as explanatory variables used in a categorical or conti nuous manner. α j represents esti mated coeffi cients. The most common characteristi cs provided by aucti on houses and used in scienti fi c research as explanatory variables (Kräussl & van Eisland, 2008; Lucińska, 2014) are (for each lot) e.g.: the arti st's name, nati onality, year of birth, year of death, ti tle of work, year of creati on of work, support, technique, height and width, aucti on house, date of aucti on, lot number, low and high prior esti mate of aucti on price, signature, sale price, currency of sale price, school, place of sale, works sold in calendar year, average price, publicati on, number of exhibiti ons, working periods, or provenance. Agnello and Pierce (1996) proposed a formula for repeated-sales assets whose value may grow exponenti ally over ti me:
where t stands for a ti me period, P t is a price of a given asset in that period, X is a vector of painti ng characteristi cs, r stands for an average rate of return and u t represents a standard error term. Taking the natural logarithm of both sides we obtain:
where α = lnA, α+BX is the initi al price given a vector of characteristi cs. Oft en a limited number of P t in the available dataset is a disadvantage of this approach. Intuiti vely, the same lot doesn't get sold in a few years in a row.
Therefore, it was needed to develop a soluti on which can rely on much shorter periods. A standard approach to show a relati on between a given painti ng and its characteristi cs considering single hedonic OLS regression is calculated as follows: (4) where lnP it stands for the natural logarithm of a price of a given painti ng i∈{1,2,...,N} at ti me t∈{1,2,...,τ}; α, β and γ are regression coeffi cients for esti mated characteristi cs included in the model. X ij represents hedonic variables included in the model, whereas D it stands for ti me dummy variables -it is equal to one only if a given painti ng i was sold in a period t (otherwise it is equal to zero). Czujack (1997) examined the prices of Picasso's painti ngs using this approach. Among the most common painti ng characteristi cs, the model consisted of additi onal dummy variables representi ng so-called "boom periods"(which represent periods of an increased acti vity on art aucti on market, as example between 1984 and 1990), provenance, price index, subject and conditi on. It turns out that neither provenance nor signature plays a stati sti cally signifi cant role in the overall price calculati on, as well as pre-aucti on esti mates.
The sculpture market research was performed using the same method by Locatelli-Biey and Zanola (2002) . Obviously there was no possibility to apply identi cal dummy and conti nuous variables -because of diff erent media or dimensions, for example.
Price indices for the art market can be esti mated using a direct or indirect approach in order to track price movements and returns on the art market. A direct approach considers the following calculati on:
where t stands for a considered ti me period and γ is a regression coeffi cient obtained in equati on (4).
Kräussl and Eisland used the following characteristi cs of German painti ngs in their hedonic model (equati on (4), X ij variables): surface, type of work, reputati on, att ributi on, living status, and aucti on house. They proposed a 2-stage hedonic approach (Kräussl & van Eisland, 2008) , an indirect way to calculate price indices in order to eliminate arti st dummy variables from this model. Regarding β j coeffi cients from the equati on (4), price indices are calculated as follows: (6) Index represents an unweighted geometric mean of painti ng prices (due to a usually unequal number of painti ngs in given periods -n and m variables). HQA in equati on (6) is an abbreviati on for Hedonic Quality Adjustment. It is calculated to obtain the mean change of painti ngs characteristi cs' infl uence on a price.
(7)
"e-Finanse" 2016, vol. 12 / nr 1 Dominik Filipiak, Agata Filipowska Towards data-oriented analysis of the art market: survey and outlook Kräussl and Eisland suggested measuring arti sti c value with the True Art Market Index in a 2-stage hedonic approach. Putti ng equati ons (6) and (7) together results in: ( 8 ) Some changes are brought about in the equati on (8) to measure the relati ve quality corrected value of arti st y. These changes consider replacing average prices per period P i,t by average prices per arti st P i,y and removing arti st variables from X ij : ( 9 ) As a result, the yielded index can represent an arti sti c value of a given arti st. It resembles an average price per arti st's artwork and can replace an arti st dummy variable in the equati on (4). An advantage of this technique is to engender lesser bias which was a consequence of applying arti st variables to the equati on (4). Kompa and Witkowska (2014; used a 2-step hedonic regression presented by Kräussl and Eisland to measure the Polish art aucti on market. They constructed diff erent models with a relati vely high coeffi cient of determinati on considering various characteristi cs. It turns out that arti st alive, size and price class are the most important hedonic variables for the fi nal price. The performed hedonic correcti on was proved to play an important role in indices esti mati on. Etro and Stepanova (2015) also employed the hedonic index and compared it to the repeated sales price index for the Paris art market between Rococo and Romanti cism. The so-called "Death Eff ect" on painti ng prices was stati sti cally proven in this paper. Other researchers conducted complex studies on the art indices building. Collins, Scorcu, and Zanola (2009) address the problem of selecti on bias and ti me instability in the index by the Heckman 2-stage procedure. Jones and Zanola (2011) argue that usage of the logarithm in HR yields indices that are hard to interpret in an economic way. Bocart and Hafner (2012) suggested a heteroskedasti c HR model with a non-parametric local likelihood esti mator.
Indices are not only employed in research papers. A wide use of these methods can be observed on commercial websites. To name and describe a few, the following list is provided.
Mei Moses Mei Moses
Fine Art Index (htt p:// www.artasanasset.com), founded in 2001, relies on RSR calculated from 30,000 lot records which were sold more than once. The most interesti ng concerns the fact that the average period between fi rst and second sale is 22 years. However, the index computati on relies only on lots sold in Christi e's and Sotheby's. Mei and Moses (2002) described this method as follows: (10) where r stands for a return for a lot i in a period t, µ t represents an average return in a period t. Therefore, for a lot i sold in periods s and b, the following equati on may be provided:
The esti mated index is calculated by: (12) where X is a matrix containing rows of dummy variables for each considered lot and Ω stands for a weighti ng matrix (based on ti mes between sales).
Artnet Despite being a large database, sti ll only 10% of sold lots can be indexed using RSR. This price index is based on a combinati on of RSR and HR, since RSR can be presented as a nested case of HR (artnet Analyti cs, 2014). The linear model used is enriched by including Comparable Sets, which are in fact the grouped single arti st's sales data. These sets are populated taking into account "appraisal principles and art historical knowledge". There are two types of artnet indices: cap-weighted and equalweighted.
The procedure to calculate the equal-weighted artnet index is as follows: (13) where P i,s,t stands for a price of a lot i (i = 1,.. (s = 1,...,S) and N s stands for the total amount of lots belonging to C i,s A corrected price is defi ned as Y i,s,t : (14) "e-Finanse" 2016, vol. 12 / nr 1 Dominik Filipiak, Agata Filipowska
.,N) in a Comparable Set s in a ti me t (t = 1,...,T). A Comparable Set is denoted as C i,s
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The parameters of the model are esti mated by OLS:
The index (with the base value set to 100) is calculated as follows: (16) The cap-weighted artnet index puts emphasis on high valued lots. The procedure is roughly the same as in the equal-weighted index, however the equati on (17c) is used instead of (15c):
Note the similarity (a usage of the weighti ng matrix) to the equati on (12) Other examples are, for instance, the Art Market Research Index (htt p://www.artmarketresearch.com) (available via paid subscripti on) or the Citadel Art Price Index (htt ps://www.citadel.co.za/ArtIndex/469/art-priceindex). The fi rst one is worth menti oning due to the possibility of creati ng own indices based on the selected parameters (like a market segment or infl ati on).
Although hedonic and repeat-sale methods are probably the most popular approaches used in art market analysis, it is worth menti oning that some other techniques were described in the literature. For example, Førsund and Zanola (2006) 
E IT A M A
The art market is a challenging domain to provide analyti cal IT support. On one hand, it is a data rich domain with a number of data sources available. On the other, this data is distributed, following diff erent data models, oft en not publicly available (or available to a certain extent). Moreover, analyses cannot follow typical approaches, because of the specifi cs of the market that were discussed earlier in this paper.
IT support can be therefore described from two points of view: how to deal with the data describing the art market as well as what analyses can (or should) be carried out. This secti on will try to provide answers to these questi ons.
The typical approach to data processing towards its analysis follows the process: 1) data collecti on, 2) data integrati on and enrichment (if any), 3) data analysis, 4) visualisati on of results.
In case of the art market we can apply the same procedure, however it is worth discussing challenges that occur.
The data on the art market that may support further analyses is available in many sources. These sources cover e.g.: art price databases (discussed before); data on arti sts on various portals, Wikipedia, blogs, social media, personal pages, etc.; data on market trends; results of aucti ons; various experts' analyses. This catalogue is not by any means complete. The major challenges here concern the data diversity and its volati lity that infl uence techniques of crawling, fi ltering and retrieval.
The second step of data processing relates to the data integrati on and cleansing. Taking into account various "e-Finanse" 2016, vol. 12 / nr 1 Dominik Filipiak, Agata Filipowska Towards data-oriented analysis of the art market: survey and outlook data models, formats, completeness, comparability, infl uenced by techniques applied in the previous step, the topic of data integrati on is a huge challenge that may be addressed using e.g. the Linked Open Data standards. This phase may be further extended while applying data enrichment methods i.e. to expand the data models.
The two previous phases are aimed at the preparati on of data for analyses. In the following step, numerous techniques that enable making value out of data might be applied e.g. stati sti cal, econometrical, data mining, etc. The techniques applied depend on the goal of the analysis to be carried out. Some of them were discussed in the paper (IT support for econometrics, data mining or machine learning) and are the subject of the ongoing research.
The last step concerns the visualisati on that delivers outcomes of analyses held or enables browsing of raw data retrieved. Usually, this concerns presentati on charts, clusters, trends, relati ons (including graphs), etc. that may enable drawing conclusions regarding the subject of analysis.
On the contrary to the data processing procedure, which is uniform for many domains, the types of analyses to be held are mostly specifi c for the art market.
The fi rst type of research on the art market concerns fraud. Collecti ng and analysing data that may prove authenti city of art works (signatures, techniques, quality, etc.), origin, fraudulent transacti ons and even might enable preventi on of fraud on the market are of importance. This is usually the issue of the smaller markets or transacti ons that are not supported by professional aucti on houses.
The second area that should be the subject of analyses concerns infl ated prices and false market trends. The current inability to provide data that may validate the prices on the art market or support individuals in the "decision making process, strengthens the role or "experts" being in fact creators of an "investment bubble". This relates also to the issue of reputati on addressed by various authors. Canals-Cerda (2008) analysed the value of a good reputati on at selling artwork online. The previously conducted research shows that there is a small impact of a seller's reputati on on the sale price, but it has a negati ve infl uence on the number of bidders. On the contrary, reputati on in selling art plays an important role according to this study. An empirical analysis was conducted on data provided by eBay, a leading on-line aucti on service. Renneboog and Spaenjers (2013) in their HR model employed informati on from books and Internet data sources (e.g. "Gardner's Art through Ages") in order to describe the arti st's reputati on. According to this arti cle: the more occurrences of an arti st's name in the corpus, the bett er his reputati on is.
Another fi eld where applicati on of various data processing methods may bring value concerns comparison of indices between markets. The challenge concerns the number of indices, diverse methods to quanti fy these indices (and their incomparability) as well as the number of domains and of markets (even in the globalisati on era).
An interesti ng directi on of research is also the applicati on of Linked Open Data to enrich the data available on arti sts, their art works and the market to provide more high quality data subject for further study. Storing all data using Linked Data Standards may also help to address the data integrati on challenges menti oned previously.
Analysis of popularity based on social media i.e. Facebook, Instagram or Twitt er also is gaining increasing att enti on. The rising interest (refl ected in a number of menti ons on social media) concerning intangible goods, usually relates to increasing prices of these goods. Monitoring trends on social media may therefore infl uence the investment decisions. Coslor and Spaenjers (2013) in their paper e.g. used Google's corpus of books. This raw data is publicly available (htt p://storage.googleapis.com/books/ngrams/ books/datasetsv2.html). The aim of this research was to fi nd a correlati on between the interest in art investment and the use of the art investment lexicon. The applied methodology considers the frequency analysis of so-called n-grams (sequences of n words) over the Google Books corpus. Obtained results had not been self-explanatory. Therefore, it was necessary to perform a qualitati ve analysis to obtain bett er conclusions. Although that paper was focused on the growth of the art investment fi eld, it shows a usage of a simple text analysis over large datasets to bett er understand the subject matt er. Elgamal and Saleh (2015) came up with a computati onal framework as well as carried out research on artworks' creati vity (which is based on originality and infl uence). They also conducted a "ti me machine" experiment, which was used to measure how creati vity of artworks has changed over centuries.
Last but not least, IT is also employed in the area of "e-Finanse" 2016, vol. 12 / nr 1 Dominik Filipiak, Agata Filipowska Towards data-oriented analysis of the art market: survey and outlook digitalisati on of art that is out of the scope of our research, but could provide an interesti ng input to image processing and identi fi cati on of fraud described briefl y in this paper.
To summarise, numerous services and aucti on houses are publishing art market historical data, others are even suggesti ng which pieces of art should be invested in. Currently, there is one service which off ers a completely diff erent approach to art investment. ArtRank (htt p://artrank.com) (formerly known as SellYouLater), a controversial (htt p://www.theguardian.com/ artanddesign/2014/jun/23/artrank-buy-sell-liquidateart-market-website-arti sts-commoditi es), (htt p://www. nytimes.com/2015/02/08/magazine/art-for-moneyssake.html?_r=0) start-up, tries to highlight potenti ally profi table arti sts on a quarterly basis by using machine learning algorithms (Velthuis, 2014 
D S
This paper presented a short introducti on to art market analysis regarding techniques stemming from econometrics and computer science. Topics such as Internet data sources, indices constructi on and employment of informati on technology on art market research were covered. Areas of possible future explorati on are outlined in the remainder of this secti on.
Aft er this analysis, a couple of future research questi ons and problems can be addressed. First of all, a further development and evaluati on of diff erent indices used in art markets is needed. Although various methods have been presented so far and a foundati on is given, to the best of our knowledge there is no agreement on an ulti mate and robust method to measure the art market. The presented equati ons can yield incomparable results. Selecti on bias and explanatory variables issues were addressed in some research. While the focus is mainly on stati sti cal and econometric areas, only a few research papers att empt to enrich the set of "standard" explanatory variables. Future research may include an adopti on of concepts related to ontologies or the Semanti c Web, which should bring about ample, structured and extensible sets of characteristi cs.
Due to an increasing usage of social media platf orms among art collectors (ArtTacti c, 2015) , it also seems reasonable to include these sources of data in the art market research. Some of the presented methods consider evaluati on conducted by experts with domain knowledge (art historians in this case). Machine learning techniques could be an inspirati on for future research, especially taking into account ArtRank philosophy, en route to bett er understand processes which are shaping the market. Another possible example is creati ng comparable sets in artnet price indices automati cally.
